Absence seizures are generalized, cortico-thalamo-cortical (CTC) high power electroencephalographic (EEG) or electrocorticographic (ECoG) events that initiate and terminate suddenly. ECoG recordings of absence seizures in animal models of genetic absence epilepsy show a sudden spike-wave-discharge (SWD) onset that rapidly emerges from normal ECoG activity. However, given that absence seizures occur most often during periods of drowsiness or quiet wakefulness, we wondered whether SWD onset correlates with pre-ictal changes in network activity. To address this, we analyzed ECoG recordings of both spontaneous and induced SWDs in rats with genetic absence epilepsy. We discovered that the duration and intensity of spontaneous SWDs positively correlate with pre-ictal 20-40 Hz (b) spectral power and negatively correlate with 4-7 Hz (Ø) power. In addition, the output of thalamocortical neurons decreases within the same pre-ictal window of time. In separate experiments we found that the propensity for SWD induction was correlated with pre-ictal b power. These results argue that CTC networks undergo a preseizure state transition, possibly due to a functional reorganization of cortical microcircuits, which leads to the generation of absence seizures.
Introduction
Genetic absence epilepsy is a pathological disorder that involves the dynamic interplay between cortico-thalamic (CT) and thalamo-cortical (TC) circuits (Crunelli and Leresche, 2002; Danober et al., 1998; Snead, 1995) . Arousal-related desynchronized cortico-thalamo-cortical (CTC) activity, which can be visualized as low amplitude, high frequency electroencephalographic (EEG) or electrocorticographic (ECoG) voltage fluctuations (Hirata and Castro-Alamancos, 2010; McCormick et al., 2015) , is suddenly interrupted in absence seizures by rhythmic, highly synchronized CT and TC output with characteristic EEG/ECoG spike-wave discharges (SWDs) (Coenen et al., 1992; Danober et al., 1998; Huguenard, 1999; Panayiotopoulos, 2001 ). These rapidly generalize bilaterally and lead to behavioral arrest and loss of consciousness (Danober et al., 1998; Gotman et al., 2005; Huguenard, 1999; Panayiotopoulos et al., 1989; Sitnikova and van Luijtelaar, 2006; Steriade, 2000) . Absence seizures in rodent models of genetic absence epilepsy are state-dependent -mostly occurring during periods of quite wakefulness and drowsiness (Coenen et al., 1991; Danober et al., 1998) . This is likely due to increased hyperpolarization of TC, CT, and reticular thalamus (RT) neurons, which increases the probability of phasic burst-firing throughout the CTC network necessary for SWD generation and maintenance (Beenhakker and Huguenard, 2009; Huguenard and McCormick, 2007; Kostopoulos, 2000; Llinás and Steriade, 2006; McCormick et al., 2015; Steriade, 2000; Sorokin et al., 2017) . Thus, there is evidence for a state transition within the CTC network that increases its susceptibility to hypersynchronization and seizures.
Despite the known state-dependence of absence seizures, there is little evidence to suggest that EEG or ECoG recordings display pre-ictal changes prior to SWD onset (Danober et al., 1998; Panayiotopoulos, 2001) . As such, although many algorithms have been established for SWD detection (Alkan et al., 2005; Ovchinnikov et al., 2010; Paz et al., 2013; Sorokin et al., 2017) , few exist for SWD prediction. Recently, some studies have revealed the existence of pre-ictal changes in non-linear metrics including permutation entropy (Li et al., 2007) and granger causality (Lüttjohann and Van Luijtelaar, 2012) , as well as in linear metrics such as the power in certain frequency bands obtained via magnetoencephalography (Jacobs-Brichford et al., 2014) and EEG (Van Luijtelaar et al., 2011) and an increase in functional magnetic resonance imaging (fMRI) bold activity (Bai et al., 2010) . Moreover, a recent study discovered that EEG power and fMRI amplitude during SWDs in humans were positively correlated with behavioral impairment (Guo et al., 2016) . However, to our knowledge the relationship between pre-ictal predictors and the severity and susceptibility of SWDs has not been investigated.
To address this question, here we have analyzed our previous ECoG recordings from Wistar Albino Glaxo Rats from Rijswijk (WAGRij), a well-established animal model of genetic absence epilepsy (Coenen et al., 1992; van Luijtelaar and Coenen, 1986; van Luijtelaar and Sitnikova, 2006; Sorokin et al., 2017) . In our previous study, we demonstrated that bilateral SWDs could be induced in freely behaving epileptic rodents by unilaterally driving phasic, clustered spiking in TC neurons in the ventrobasal (VB) thalamus (Sorokin et al., 2017) via single or periodic optical activation of the inhibitory opsin, halorhodopsin (eNpHR3.0) (Gradinaru et al., 2008) . Thus we have focused our analysis on pre-ictal periods of both spontaneous and induced seizures, to determine if (1) cortical activity displays pre-ictal changes that can be detected via ECoG recordings in WAGRij rats, (2) if pre-ictal changes predict features of SWDs, and (3) if the ability to induce SWDs depends on the pre-ictal state of the animal. For our analysis, we used a variation of the discrete wavelet transform (DWT) to measure changes in the frequency distribution of the ECoG from pre-ictal to ictal states. We discovered that ECoG activity does display pre-ictal shifts in frequency bands, most notably high b (20-40 Hz), which positively correlates with SWD duration and power, and further that the probability of inducing SWDs positively correlates with b power prior to the optical stimulus. Our results demonstrate that cortical oscillatory behavior undergoes changes prior to generalized absence seizures that correlate with the SWD severity, which may reflect a shift in the resonant activity of microcircuits within the cortex and thalamus that prime the CTC network for hypersynchrony.
Results

Automatic detection of SWDs and artifact rejection
To extract SWDs from our recordings, we developed an offline algorithm to detect absence seizures based on the maximaloverlap discrete wavelet transform (MODWT, Fig. 1a , see methods), which has been used in EEG processing (Khalighi et al., 2011; Xie and Krishnan, 2013) . While the MODWT, like the related discrete wavelet transform (DWT), efficiently decomposes the frequencies contained in a signal over time by using coarse frequency-resolution bandwidths, it avoids the time-resolution pitfalls of the DWT (Nason and Silverman, 1995) , rendering it superior for precise detection of time-localized events such as SWDs.
In our algorithm, first the raw ECoG traces (Fig. 1b left) were decomposed to 5 levels via MODWT using a daubechies-4 wavelet (Fig. 1b right) , and the resulting wavelet coefficients (Fig. 1c left) were then squared to obtain power in different frequency bands (Fig. 1c right) . Because rodent absence seizures are primarily dominated by frequencies between 6 and 50 Hz (Danober et al., 1998) , power derived from wavelet coefficients outside of this bandwidth were set to zero, while the power in the remaining levels were summed (Fig. 1d left) . The summed wavelet power was then automatically de-noised and subsequently thresholded using the standard deviation of wavelet power from baseline ECoG segments (Fig. 1d middle, see methods) . Finally, the detected events were automatically checked against rigorous criteria to eliminate detection of artifacts and transients (see methods), and the remaining detected events were flagged as putative SWDs (Fig. 1d right, 1e) . SWDs extracted from induced-seizure trials were checked against a second set of criteria for semi-automatic artifact rejection (see methods).
Spontaneous SWDs correlate with pre-ictal changes in ECoG spectral power
We first asked whether the state-dependence of spontaneous SWDs in WAGRij rats could be quantified via spectral analysis. Indeed, certain recorded rhythms are highly correlated with behavioral state. For instance, Ø (4-7 Hz) power is associated with active exploration and attention (Buzsáki and Moser, 2013; Hasselmo et al., 2002) , and o (1-4 Hz) with drowsiness and slowwave sleep (Achermann and Borbély, 1998; McCormick and Bal, 1997; Steriade, 1997) . To accurately measure spectral power within narrow frequency bands, we decomposed the ECoG recordings from four WAGRij rats using wavelet packet transformation (WPT), which provides higher frequency-resolution compared to MODWT (Fig. 2a, see methods) .
We assayed the relationship between the occurrence of spontaneous seizures and the distribution of ECoG spectral power by dividing each WPT-decomposed recording trial into three segments of equal length, and calculating the probability of spontaneous SWD occurrence as well as relative o, Ø, and high b (20-40 Hz) power for each segment (see methods for details). We divided each trial into distinct windows of time to account for changes in arousal level throughout each recording trial. By dividing the trials as such, we improved the temporal resolution and ability to differentiate relative o, Ø, and b power, as well seizure probability. We discovered that both o and Ø power were negatively correlated with SWD-probability, which is in agreement with the infrequent occurrences of SWDs during active exploration and sleep (Danober et al., 1998) . By contrast, b power was positively correlated (Fig. 2b) .
Given the positive correlation between SWD-probability and b power, we wondered whether individual SWDs correlated with increases in pre-ictal b power. To test this, for each detected seizure we summed b power over two seconds prior to SWD onset ( Fig. 2c ) and regressed the power against two metrics of SWD severity: duration and Ø⁄ (7-9 Hz) power, the fundamental frequency of rodent SWDs (Coenen et al., 1992; Danober et al., 1998) . We discovered that pre-ictal b power positively correlated with SWD duration (Fig. 2d left) and even more strongly with SWD Ø⁄ power. Interestingly, a similar pre-ictal increase in highfrequency oscillations has been reported in patients with complex partial epilepsy (Fisher et al., 1992) , neocortical epilepsy (Worrell et al., 2004) , and mesial temporal lobe epilepsy (Bartolomei et al., 2004) , as well as in animal models of acquired epilepsy (Gnatkovsky et al., 2008; Hughes, 2008) and thus may represent a similar pre-seizure shift in circuits responsible for hypersynchronous oscillations. Although in some instances ECoG recordings did not display a visually obvious pre-ictal change in spectral power (compare Fig. 1b to Fig. 2c ) due to the variability of preictal states, our results identify a relationship between pre-ictal spectral power and absence seizures.
To further investigate this phenomenon, we analyzed multiunit (MU) activity simultaneously recorded from the right VB via implanted tungsten wires as described in (Paz et al., 2013; Sorokin et al., 2017) . We hypothesized that the correlation between b power and SWDs may be due in part to altered CTC dynamics such thalamocortical (TC) firing patterns, as TC neurons can undergo sub-threshold oscillations in the b range that may facilitate cortico-cortical spread of activity Steriade et al., 1996) . Although the lowimpedance electrodes used to record MU signals did not allow us to resolve single units, we were nonetheless able to capture and analyze high quality MU activity from a local population of TC neurons (Fig. 2e) .
For each seizure, we extracted three seconds of MU activity both preceding and following the seizure onset and calculated the population firing rate over time (see methods). Interestingly, we observed that the TC population firing rate steadily decreased prior to SWD onset ( Fig. 2f arrow) , and was significantly lower starting1.5 s prior to SWD onset compared to 3 s prior to onset (Fig. 2f, Fig. S1a ). This steady decrease was robust across trials on average (Fig. 2g blue) with low inter-trial variance as indicated by the stable pre-ictal standard deviation of the mean firing rate (Fig. 2g red, Fig. S1b ) and ratio of the standard deviation over the mean firing rate (Fig. 2h, Fig. S1c ). The increase in the standard deviation of the mean firing rate 0.5 s prior to SWD onset (Fig. 2g, f, Fig. S1b, c) is primarily due to the jitter surrounding SWD detection and alignment of MU spiking. Nonetheless, these results suggest that TC, and likely other players in the CTC circuit, undergo a dynamic shift in firing patterns prior to SWD onset, which may contribute to the b oscillations observed in the ECoG. However, the precise mechanisms responsible for this pre-ictal change in brain state remain to be determined. 
The probability of inducing a SWD depends on EcoG spectral power
In our previous work, we discovered that SWDs could be induced in WAGRij rats expressing eNpHR in VB neurons with a single pulse of 594 nm light delivered unilaterally to the VB (Sorokin et al., 2017) (Fig. 3a) . While light pulses could effectively induce SWDs, some fraction of stimuli (<50%) failed to do so. Having observed that spontaneous seizures correlate with pre-ictal changes in b power, we wondered whether the ability to induce SWDs also correlates with the spectral distributions of the ECoG.
To address this, we used WPT to decompose ECoG recordings from induced trials in four WAGRij-eNpHR rats and analyzed the average spectral power over two seconds prior to the pulse onset. Interestingly, we discovered that pre-pulse b, but not o and Ø, power negatively correlated with the latency to onset of SWDs (Fig. 3b) . This result suggests that even during normal behavior, certain CTC dynamics, such as those associated with increased b power and possibly others, appear to be more susceptible to perturbations that evolve into network hypersynchrony.
To better understand SWD induction probability, we regressed the probability of inducing seizures against pre-pulse b, o, and Ø power. The probability of SWD induction did not depend on prepulse o or Ø power, but strongly correlated with b power (Fig. 3c) , suggesting that the ability to drive the CTC network into an absence seizure may depend on a similar pre-ictal state as occurs during spontaneous SWDs. This led us to wonder whether MU activity recorded from the VB also undergoes similar dynamics following 594 nm pulses as seen prior to spontaneous seizures ( Fig. 3d; for reference see Fig. 2e-h) .
Indeed, following an initial strong cluster of spikes in response to the 594 nm pulse -almost certainly due to T-type calcium channel mediated rebound bursts (Destexhe et al., 1998; Jahnsen and Llinás, 1984) -MU recordings showed first a reduction in firing rate followed by a gradual ramping composed of phasic, rhythmic bouts of MU spikes indicative of oscillatory CTC seizure activity (Fig. 3d-f, Fig. S2) . Interestingly, the post-stimulus drop lasted for $0.2-0.3 seconds -longer than is necessary for recovery from a rebound burst (Jahnsen and Llinás, 1984; Steriade et al., 1993; Sorokin et al., 2017) , as is evident by the oscillatory spiking observed quickly following the initial light-driven rebound burst when averaging over a single trial (Fig. 3e) . We propose that this prolonged reduction of firing rate is not simply due to recovery from the inhibitory 594 nm pulse, but may instead reflect a dynamic shift in CTC activity analogously to the pre-ictal reduction in TC firing rate prior to spontaneous SWDs (Fig. 2e-h) . In other words, the initiation of both spontaneous and induced SWDs may involve a similar reformation of CTC network activity, which could be used to predict seizure onset.
Discussion
Here we have shown that spontaneous absence seizures in WAGRij rats display precursor changes in both the distribution of ECoG spectral power and the population firing rate of TC neurons (Fig. 2) . These changes were robust across our recordings, and may reflect a shift in CTC networks that increases their susceptibility to runaway oscillatory activity. Moreover, we discovered that the same pre-ictal observations in spontaneous seizures positively correlate with the duration and occurrence of artificially induced SWDs (Fig. 3) . Thus, our results argue that there are certain CTC dynamics that are more likely to evolve into global absences, whether these occur naturally or through external perturbations.
The correlation we observed between spontaneously occurring SWD severity and high pre-ictal b (20-40 Hz) power has, to our knowledge, not been previously investigated. Previous studies have discovered a similar high-frequency pre-ictal predictor in both humans and animals with various forms of epilepsy (Fisher et al., 1992; Gnatkovsky et al., 2008; Jirsch et al., 2006; Navarro et al., 2002; Staba et al., 2004; Worrell et al., 2004) . Further, the appearance of pre-ictal and inter-ictal high-frequency oscillations (HFOs) with frequencies greater than 80 Hz are indicators of epileptogenic zones in patients with temporal lobe epilepsy (Staba et al., 2004; Zijlmans et al., 2012) , and removal of tissue generating HFOs correlates with improved post-operative outcome (Jacobs et al., 2010) . The mechanisms responsible for fast oscillations may be multifaceted. Some findings suggest that they are linked to extremely rapid inter-spike intervals during population bursts in epileptic tissue (Bragin et al., 2007) , while other findings argue they are the result of tightly-coupled, but not perfectly synchronous, firing of pyramidal cells (Jiruska et al., 2010) .
Possible mechanisms behind 20-40 Hz oscillations prior to SWDs
Although HFOs and the fast b oscillations that we observed prior to SWDs are likely not directly related, their emergences may be due to an analogous reorganization of epileptic network activity. Given that absence seizures are most common during periods of drowsiness/quiet wakefulness (Danober et al., 1993) , and that b oscillations are often associated with attention (Benchenane et al., 2011) , it is quite surprising to observe correlations between SWDs and pre-ictal b power. While the relationship between b oscillations and background states of quiet wakefulness require further investigation, one possible mechanism behind the pre-ictal increase in b power could be a recruitment of CT output at the 20-40 Hz range. Indeed 30-40 Hz cortical oscillations throughout the CTC are hypothesized to link cortical areas together via resonant activation of TC neurons (Steriade et al., , 1991 . Although evidence suggests that these fast cortical oscillations are heightened during behavioral vigilance due to increases in these oscillations with mesopontine activation (Steriade et al., 1991) , their appearance may nonetheless lead to pathological CTC oscillations in epileptic networks via heightened RT-TC synaptic inhibition (Huguenard, 1999; Li et al., 2006) .
Since CT oscillations in this range can drive oscillatory RT output, which subsequently inhibits TC neurons (Charpier et al., 1999; Steriade et al., 1996) , in epileptic networks TC neurons may be sensitive to such resonant inhibitory inputs and strongly hyperpolarize in response to the repetitive, asynchronous discharges from RT. Following such CT-b -based hyperpolarization, a subsequent strong CT input to the RT -perhaps following the termination of the pre-ictal b oscillations -could induce synchronized RT inhibition and promote synchronized TC post-inhibitory rebound (PIR) bursts (Jahnsen and Llinás, 1984) . Additionally, direct CT input to hyperpolarized TC cells could also initiate CTC activity. The result in either case would be launching an absence seizure by reactivating both the RT and CT (McCormick and Bal, 1997) . In addition, the 20-40 Hz resonant oscillations in the CTC network may lead to synchronization of cortical regions outside of a possible epileptic cortical focus (Meeren and da Silva, 2005; Polack et al., 2007; Steriade et al., 1991) , which could contribute to the rapid spread of absence seizures. Our observation that TC neurons display a pre-ictal reduction in population firing rate may reflect resonant and fast inhibitory inputs from the RT that initially shunt and hyperpolarize TC neurons, but perhaps following a synchronized CT input at the onset of the SWD (Meeren and da Silva, 2005; Polack et al., 2007) drive synchronized PIR bursts.
By contrast, the source of fast cortical oscillations may reflect an increase in cortical inhibition, as certain cortical and entorhinal interneurons have been shown to drive oscillations in this range in vitro (Gnatkovsky et al., 2008; Llinás et al., 1991) , and computational models of reciprocally connected excitatory-inhibitory networks demonstrate emergent high frequency oscillations due to inhibitory coupling (Sohal and Huguenard, 2005) . Increases in cortical inhibition could shunt CT output and effectively remove the tonic depolarizing CT influence from TC neurons, thus leading to dysfacilitation and hyperpolarization with an increased likelihood of PIR bursts in response to RT input (Llinás and Steriade, 2006) . A sudden burst of CT action potentials could then elicit a strong and synchronized PIR response in TC neu- (red) across induced trials. Here the prolonged drop in firing rate is highly apparent (arrow) and significantly lower than the pre-stimulus firing rate (See Fig. S2 ; paired t-test, ***p 0.001, n = 9 trials, 4 animals) and lasts for $ 0.2 s, following by a gradual ramping of rhythmic firing (see Fig. S2 ).
rons via the RT. There may of course be other microcircuits and long-range projections both within and outside of the CTC network that contribute to the pre-ictal changes we have observed, and a more detailed sampling is necessary to uncover the possible mechanisms behind our observations.
Developing new predictive algorithms for absence seizures
We have shown using two distinct methods -spectral decomposition of ECoG and quantification of TC firing rate -that preictal predictors of SWDs are robust and correlate with features of SWD severity such as duration and power. Current algorithms for SWD detection are limited in their ability to predict seizure onset before it occurs, rendering them more useful for offline analysis than for closed-loop intervention. While recent studies have also demonstrated pre-ictal changes in brain dynamics prior to absence seizures (Li et al., 2007; Lüttjohann and Van Luijtelaar, 2012) , to our knowledge we are the first to demonstrate a correlation between pre-ictal features and the severity of absence seizures. While further analyses remain to better quantify the relationships between pre-ictal state and absence seizures, we believe our results are a step forward toward designing novel closed-loop therapies that could be adaptively tuned on a per-seizure and persubject basis based on detected pre-ictal features.
Experimental methods
Recordings used for our analyses were performed according to protocols approved by the Institutional Animal Care and Use Committee, and every precaution was taken to minimize stress and the number of animals used.
Electrode implantation and ECoG recordings
Animals used for our analyses were previously implanted as described in (Sorokin et al., 2017) . Briefly, implants were custom made by securing electrodes and optical fibers to male-female dual-row mill-max connectors (Mill-Max Co. Oyster Bay, NY). Cortical ECoG electrodes were manufactured by hand-soldering small .047 00 Â 1/8 00 self-tapping screws onto 1 00 strips of insulated silver wire, and securing the non-soldered end of the wire to the millmax sockets. MU electrodes were manufactured by encapsulating a 200um-core optical fiber and four tungsten wires with a small piece of 0.015 00 polyimide tubing, securing the bundle with cyanoacrylate glue, and inserting the free-ends of the tungsten wires through the remaining Mill-Max sockets. Each implant contained a total of four tungsten wires and four ECoG screws, plus one optical fiber.
For the surgical implantation, animals were anesthetized with isoflurane and injected with analgesic, and then secured in a stereotaxic frame. The skulls of rats were exposed and burr holes were drilled in the skull bilaterally over anterior and posterior somtatosensory cortex, ipsilaterally over the right VB, and over the cerebellum for reference. Screws were secured first ($3 mm lateral and 2 mm or 3 mm posterior relative to bregma), and the tungsten/optical fiber bundle was then lowered into the thalamus so that the tip of the optical fiber rested just above the VB (2.8 mm posterior, 2.7 mm lateral, 5.5 mm ventral relative to bregma), while the tungsten wires spanned the VB (2.8 mm posterior, 2.7 mm lateral, 5.6-6 mm ventral relative to bregma). Implants were then secured with dental cement, and lidocaine and antibiotic were applied to the surrounding skin. Animals were monitored for one week following implantation and given further analgesic as necessary. Following recovery, ECoG and MU activity were recorded for two weeks between the hours of 10:00 AM-4:00 PM to control for circadian rhythms. Animals were recorded in a quiet, isolated room, primarily displayed quiet wakefulness with occasional bouts of exploratory behavior. Note that although four ECoG and four MU electrodes were used previously, for this study we only analyzed ECoG from the anterior somatosensory cortex, contralateral to the implanted VB, and only one MU electrode. For further details, see (Sorokin et al., 2017) .
The discrete wavelet transform (DWT) and its variants
We used wavelet transformations to decompose ECoG recordings into both time and frequency. While our previous work used the continuous wavelet transform (CWT) (Sorokin et al., 2017) , which provides a highly detailed time-frequency map (Torrence and Compo, 1998) , we instead used a much more efficient wavelet decomposition based on the discrete wavelet transform (DWT) for our analysis. Given an input signal S with ½1; 2; 3; . . . n samples, the DWT decomposes the input signal by first performing the following convolutions:
over every sample in S and for decomposition level j = 1, where w and U are internally and mutually orthogonal low-pass and highpass filters (known as scaling and wavelet bases), respectively, and H k and G k are the low-pass and high-pass outputs of the convolution at each point k ¼ ½1; 2; 3; . . . n. Then, the low-and high-pass outputs H and G are decimated such that the final approximation A and detail D wavelet coefficients are:
A j and D j are vectors of length n 2 j . Following the first level decomposition, A j is re-convolved by shifted and scaled versions of w and U:
where j is the level of decomposition, k is the time-shift, and g and h are the high-pass and low-pass coefficients of the wavelet and scaling bases, defined by the relationship:
Thus, at each level j, the non-zero elements of the wavelet and scaling functions defined are expanded in time and reduced in amplitude, leading to successive low-pass filtering of the signal. Note that w and U are sparse signals, containing mostly 0 0 s except for points defined by the coefficients g and h.
Unlike the DWT, the maximal-overlap DWT (MODWT) avoids the pitfalls of down-sampling, which results in a non-shift invariant decomposition (Nason and Silverman, 1995 In addition to the MODWT variant of the DWT, we also implemented the wavelet-packet transformation (WPT) for our spectral analysis. While WPT retains the same drawback as the DWT in terms of time-localization since approximation and detail coefficients are down-sampled at each level j, it has much finer frequency-resolution than either the DWT or the MODWT (Gu et al., 2011) . This is accomplished by decomposing both A j and D j at each subsequent level, which provides better separation of frequencies -particularly important when analyzing changes in neighboring frequency bands. The choice of particular wavelet bases depends on the application. For our analyses, we used the daubechies-4 (Db4) wavelet, a well-established wavelet basis used heavily in EEG research (Adeli et al., 2003; Al-Qazzaz et al., 2015) . In particular, the Db4 wavelet shares similar features with individual spike-wave discharges, and its near symmetry improves the accuracy of time and frequency localization.
Automatic seizure detection
We implemented the MODWT outlined to 5 levels using a Db4 wavelet to decompose ECoG traces for seizure detection. First, ECoG were filtered between 1 and 100 Hz, resampled to 200 Hz, and z-score normalized (Fig. 1b left) . Wavelet coefficients for D 1 -5 and A 5 were then computed using MODWT (Fig. 1c left) and power was computed as:
where w represents one of the 6 wavelet coefficient vectors extracted via MODWT (Fig. 1b right) . We then summed coefficients P 2-4 (representing frequencies from 50 to 6 Hz), since rodent SWDs have little power outside of this range (Danober et al., 1998) , and automatically denoised the summed power:
where a > 0. Following denoising, power was automatically thresholded for putative seizure detection using power from non-ictal, baseline segments. Baseline power was extracted by first splitting the non-denoised summed power P into N segments, and sorting the standard deviation of those segments: r n ¼ ½r 1 ; r 2 ; . . . r N then extracting the lowest n < N subset, and using their indices to extract power for baseline segments:
We finally calculated the upper and lower 95% confidence bounds from P n, and defined our seizure threshold on a per-trial basis as:
where C u is the upper 95% confidence bound, and k sets the threshold level. Because SWDs are such high-energy events compared to background ECoG activity, we set k to a high value (5-8), which robustly localized SWDs while avoiding artifacts (see Fig. 1d and e) . Following detection, all putative seizures were automatically tested against a set of conservative criteria to further eliminate artifacts. SWDs that were shorter than 1.5 seconds were eliminated, and consecutive events separated by less than 1 second were merged. The efficiency of our algorithm makes it suitable for on-line applications.
Spontaneous seizure analysis
For spectral analysis, ECoG signals were downsampled to 128 Hz and decomposed using WPT up to 6 levels. Power from frequencies in the o (1-4 Hz), Ø (4-7 Hz), Ø⁄ (7-9 Hz), and high b (20-40 Hz) were summed for our analysis. We analyzed 2 seconds of recordings prior to each seizure, and regressed o, Ø, and b power in this window against features of the SWDs including duration and Ø⁄ power (the fundamental frequency of SWDs). Because of the large ranges of values for the different power bands, we took the log of the power. Linear regressions were run using robust linear-regression. For MU analysis, we calculated the population firing rate from 300 to 6000 Hz band-passed MU TC signals from À3:3 seconds surrounding each seizure by first detecting MU spikes (see Sorokin et al., 2017 for details), computing a peristimulus time histogram (PSTH) using 10 ms bins, and finally convolving the PSTH with a 40 ms gaussian kernel to estimate a continuously-varying firing rate (Fig. 2e and f) . We then stored the average computed firing rate as well as the standard deviations across seizures, and averaged these values across trials ( Fig. 2g and  h ).
Induced seizure analysis
We performed similar analyses for induced-trials as we did for spontaneous trials. To analyze the relationship between pre-pulse o, Ø, and b power and the ability to induce SWDs, we regressed power from these frequency bands against the latency to SWD onset following the pulse, as well as the probability of inducing SWDs. For the latter analysis, each pulse was marked as:
C ¼ 1; t pulse À t swd < 2s 0; t pulse À t swd > 2s & and the probability of inducing SWDs was calculated by segmenting o, Ø, and b power into 20 bins, and computing:
where M is the number of pulses with pre-pulse o, Ø, or b power lying within a certain range defined by bin b. Thus, we obtained a more continuous representation of P(swd) based on pre-pulse spectral power, and regressed P(swd) against binned o, Ø, and b power separately (Fig. 3c ).
Statistics and design of analyses
Unless otherwise stated, means are presented as ±S.E., and statistics are based on parametric tests. We used MATLAB 2013a for all analysis and statistical tests (Math Works Inc., Natick, MA). We wrote custom software for our seizure detection and analyses, and used built-in MATLAB functions for wavelet decomposition. Linear regressions were performed using robust-linear regression (which is more robust against outliers than standard ordinary least squares), and p-values for linear regressions tests the hypothesis that true correlation exists against a nullcorrelation. For regressions, we used n = # divided segments in trials (2b), total seizures recorded (2d, 3b), or binned spectral power from all seizures (20 bins, 3d).
To assess changes in MU firing prior to spontaneous seizures, we binned the average firing rates for each trial into 0.5 s bins, and ran a repeated-measures ANOVA over the binned firing rates from À3 s to 0 s relative to SWD onset. We repeated this analysis for the standard deviation of firing rates over trials, as well as the ratio of the standard deviation over the mean (see Fig. S1 ). To measure changes in MU firing rates following 594 nm pulses, we binned the average firing rates into 0.2 s bins and compared the binned rates centered at À0.4 s and 0.2 s relative to stimulus onset using a paired t-test (Fig. S2a) . We also ran a linear regression on the trial-averaged firing rate from 0.1 s to 0.5 s following the 594 nm pulse to statistically evaluate the observed ramping of firing rate (Fig. S2b) . We corrected for multiple comparisons using the Bonferroni correction and for repeated-measured ANOVA, the Tukey-Kramer correction. We also corrected for heteroskedasticity of the linear regression on the average MU firing rate (Fig. S2b) using the revised variance estimator of the fit:
where D ¼ diagð e 2 1 ; e 2 2 ; . . . ; e 2 N Â Ã Þ, the diagonal matrix of the squared residuals (White, 1980) , which we then used to correct the estimated variances of the fit coefficients for statistical testing.
Code availability
Please contact Jordan Sorokin (jorsor@stanford.edu) or John Huguenard (john.huguenard@stanford.edu) for custom software written for analysis.
